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Abstract 
Grinding causes progressive dulling and glazing of the grinding wheel grains and clogging of the voids on the wheel’s surface with ground 
metal dust particles, which gradually increases the grinding forces.  The condition of the grains at the periphery of a grinding wheel strongly 
influences the damage induced in a ground workpiece. Therefore, truing and dressing must be carried out frequently. Dressing is the process of 
conditioning the grinding wheel surface to reshape the wheel when it has lost its original shape through wear, giving the tool its original 
condition of efficiency. Despite the very broad range of dressing tools available today, the single-point diamond dresser is still the most widely 
used dressing tool due to its great versatility. The aim of this work is to predict the wear level of the single-point dresser based on acoustic 
emission and vibration signals used as input variables for fuzzy models. Experimental tests were performed with synthetic diamond dressers on 
a surface-grinding machine equipped with an aluminum oxide grinding wheel. Acoustic emission and vibration sensors were attached to the 
tool holder and the signals were captured at 2MHz. During the tests, the wear of the diamond tip was measured every 20 passes using a 
microscope with 10 to 100 X magnification. A study was conducted of the frequency content of the signals, choosing the frequency bands that 
best correlate with the diamond’s wear. Digital band-pass filters were applied to the raw signals, after which two statistics were calculated to 
serve as the inputs for the fuzzy models. The results indicate that the fuzzy models using the aforementioned signal statistics are highly 
effective for predicting the wear level of the dresser. 
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1. Introduction 
Increasing interest has focused on the study and application 
of the grinding process, because it is the finishing process 
most widely used in the metal and mechanical industry to 
machine workpieces with better surface quality and tight 
tolerances. Moreover, the ever expanding use of CNC 
grinding machines in the industrial sector makes it 
increasingly necessary to study the process as it pertains to 
automation capacity. 
Despite the advances achieved in research to eliminate 
problems that affect the normal operation of grinding 
machines, which generally cause stoppages and require 
corrections to be made by an experienced operator, usually 
manually, many problems still need solutions. This is due 
mainly to the high complexity of the process, which results 
from the numerous variables involved. 
Dressing, on the other hand, is the operation of 
conditioning the surface of the grinding wheel to restore its 
original profile and reestablish the characteristics of sharpness 
that were lost due to wear during the grinding process. This 
operation is responsible for producing a satisfactory 
topography on the grinding wheel, which has a significant 
impact on the total grinding force, energy, temperatures, 
wheel wear and finish of ground surfaces [1]. 
However, dressing tool (dresser) wear has a stronger effect 
on the surface roughness of the workpiece than do other 
parameters of the grinding process, such as the depth of cut 
and feed velocity [1]. According to Habrat in the writings of 
Martins et al. [2], monitoring the wear of the tip of the dresser 
will allow for adequate control of the grinding process in 
terms of required workpiece roughness. 
The sensors most commonly used to monitor machining 
processes are force, power, acoustic emission (AE) and 
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vibration sensors, which have become increasingly present in 
manufacturing plants that strive to improve their quality and 
productivity. When handled properly, the data collected by 
sensors can provide information required for the accurate 
diagnosis of problems in machines and processes, as well as 
real analyses of the productivity and status of production, for 
example. 
Artificial intelligence models have been designed to 
estimate or predict important parameters of machining 
processes, using as inputs signals collected by one or more 
sensors and parameters derived from these signals. In the case 
of fuzzy logic, according to Pham and Pham [3], these models 
reflect the qualitative and inexact nature of human judgment, 
and thus make specialized systems more flexible. In fuzzy 
logic, the precise value of a variable is replaced by a linguistic 
description represented by a fuzzy set, and inferences are 
made based on this representation. 
This article contributes by presenting a methodology to 
estimate the wear of single-point dressers based on acoustic 
emission and vibration signals and fuzzy models. It is an 
extension of the work of Martins et al. [2], which used only 
acoustic emission signals and neural models for estimating 
dresser wear. 
One of the reasons for the development of this work was 
the possibility of creating a model more closely resembling 
the language used by machining operators to refer to 
monitored wheel dresser wear. This motivation is based on 
the work of Shaw in Ali and Zhang [4], who report that a 
production operation does not require an absolute model that 
can deliver high accuracy, since such a model is not 
reproduced in practice. What is needed, according to the 
authors, is a “relative” model that can provide general 
guidelines for the user about what to do and how to do it. The 
reason for this is that there will always be some degree of trial 
and error on the shop floor, so a relative model serves as a 
good starting point. 
2. Monitoring the Dressing Operation 
Dressing conditions can strongly influence the 
performance of the grinding operation. To exemplify this 
influence, suffice it to say that grinding forces can vary by 
about 500% simply by varying the dressing conditions in the 
same type of operation [5]. 
The efficiency of the grinding operation is highly 
dependent on the grinding wheel surface. However, Badger 
[6] reported that thermal damage during the grinding process 
can be reduced significantly by adopting correct operating 
parameters and dressing strategies. 
The dressing process can be monitored to produce 
consistent grinding wheel surface quality. The service life of 
the grinding wheel can be defined by monitoring changes in 
the characteristic amplitude and frequency of the acoustic 
emission signal [7]. However, the market still lacks devices 
that can evaluate the grinding wheel surface during the 
grinding operation in a manufacturing environment. 
The use of acoustic emission to monitor the grinding 
process has been a subject of research since 1984. One of the 
first conclusions of these researches was the high sensitivity 
of the root mean square (RMS) value of the AE signal in 
detecting contact between the grinding wheel and workpiece 
[8]. Other parameters and/or statistics of the raw AE signal 
are reported in the literature. A statistic that has been 
employed successfully to estimate dresser wear is the ratio of 
power (ROP) of the AE signal [2], which is defined by 
equation (1). 
¦
¦

 
  1
0
2
22
1
N
k
K
n
nk
K
X
X
ROP                                      (1) 
where Xk is the k-th discrete Fourier transform, n1 and n2 are 
values that define the frequency range to be analyzed, and N 
is the size of the AE data block. The denominator of the 
equation eliminates the effect of local power. 
On the other hand, vibration (acceleration) signals are 
rarely used to monitor the process, perhaps due to the lack of 
researchers interested in exploring the characteristics of this 
signal in the grinding and dressing processes, or the mistaken 
belief that the vibration signal will always be influenced by 
frequencies deriving from ambient noise and other processes. 
The vibration sensor captures the vibrations produced by 
cyclic variations in the dynamic components of cutting forces. 
Metal cutting processes emit free, forced, periodic and 
random vibration signals. It is difficult to measure vibration 
directly because the vibration mode is frequency dependent. 
Therefore, measurements are taken by means of vibration-
related parameters, such as the rate at which the dynamic 
forces change per unit time (acceleration), and the 
characteristics of the vibration are extracted from the patterns 
thus obtained [9]. 
Several studies have focused on correlating the vibration 
signal with the characteristics of machining processes. For 
example, Hassui et al. [10] showed that the RMS signal of 
workpiece vibration is better correlated with grinding wheel 
wear than the acoustic emission signal. Furthermore, the 
sensitivity of the vibration sensor is as good as that of the 
acoustic emission sensor in detecting the moment of contact 
between the grinding wheel and workpiece and the end of 
spark-out.  Hassui and Diniz [11] examined the ability of the 
vibration signal to perceive variations in workpiece roughness 
and roundness, and hence, the feasibility of its use in defining 
the moment of dressing. Their findings indicated a good 
correlation between vibration signals and the roughness and 
condition of the grinding wheel. 
Other studies have been published about monitoring the 
dressing operation, but only a few studies have focused on the 
wear of single-point dressers. Shin and Zhang [12] studied the 
wear properties of single-point dressers in laser-assisted truing 
and dressing of vitrified CBN grinding wheels. Their 
experimental results indicated that dresser wear rates depend 
on laser power, dressing depth, and feed rate. The authors also 
concluded that the heating history influences dresser wear to 
some extent.  The work of Habrat and Porzycki [13] describes 
an optical monitoring system for measuring the equivalent 
radius of the diamond dresser, and makes inferences about its 
wear. Martins et al.’s work [14] describes a study to classify 
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single-point dresser wear by means of AE RMS signals, 
neural networks and Kohonen maps. Their results showed that 
the Kohonen map produced a better classification rate, but at a 
higher computational cost. Martins et al. [2] presented a 
method to characterize the wear condition of single-point 
dressers based on acoustic emission signals. Investigations 
have also focused on neural models whose inputs were the 
RMS values of AE obtained from preselected frequencies. 
The results demonstrated that certain models are very good at 
classifying dresser wear. 
3. Fuzzy Modeling 
According to Ali and Zhang [4] a fuzzy model can be 
considered a specialized system based on rules with the added 
benefits of the fuzzy set theory. This theory, which was 
introduced by Zadeh (1965) and is built upon well established 
concepts of classical logic, is aimed at providing a 
mathematical methodology for treating imprecise or vague 
information. Zadeh proposed a broader characterization, 
generalizing the characteristic function typical of classical 
logic, so that it could assume an infinite number of values in 
the [0,1] interval. For example, when the input values do not 
correspond exactly to one of the input conditions 
(assumptions) of the existing rules, a conventional specialist 
system cannot trigger any rule, and thus fails to provide any 
output (consequence). A fuzzy system can overcome this 
disadvantage, since it will trigger at least one rule for any set 
of input values regardless of the completeness or accuracy of 
the values, and will work even in the absence of some input 
values.  
The fuzzy sets for a given universe are given names, which 
are known as linguistic variables. The main function of the 
linguistic variables is to provide a systematic way for the 
approximate characterization of phenomena that are usually 
imprecise, as in the case of dresser wear. The use of this type 
of linguistic description used by humans, instead of 
quantitative variables, allows for the treatment of situations 
that are too complex to be analyzed by means of conventional 
mathematical terms. These characteristics are obtained by a 
simple mechanism, i.e., by membership functions, which are 
fuzzy sets. 
4. Materials and Methods 
4.1. Experimental tests 
The test bench was designed to allow for the analysis of 
the wear conditions of the dressing tool from raw acoustic 
emission (AE) and acceleration signals collected by a 
Yokogawa DL850 oscilloscope, at a rate of 2 million samples 
per second. 
The tests were performed for the dressing operation of a 
conventional type 38220KVS aluminum oxide grinding wheel 
with dimensions of 127 x 12.7 x 355.6 mm manufactured by 
NORTON.  The operating parameters were controlled 
carefully to ensure the same conditions for all the dressers. 
A single-point synthetic diamond dressing tool (Chemical 
Vapor Deposition – CVD) was used in the dressing tests for 
the study its wear.  Measurements of the diamond tip were 
taken at intervals of 20 passes in each test, using an optical 
system and CAD software to calculate the worn area. The 
dressing test consisted of a number of passes of the diamond 
on the surface of the grinding wheel until the dresser reached 
its end of life, i.e., until metallic material was visibly in 
contact with the material of the grinding wheel. The dressing 
tests were carried out with three replications. The dresser 
speed was kept constant at 3.45 mm/s, with a dressing depth 
of 40 μm, and without the use of cutting fluid in order to 
induce faster wear.  
The raw AE signals were captured in real time, using an 
acoustic emission system comprising a fixed sensor with 0 to 
400 kHz spectrum and a Sensis DM42 signal processing 
module. The acceleration signals were captured with a model 
353B03 fixed sensor and a model 482B11 signal conditioning 
module, both from PCB Piezotronics, Inc. The two sensors 
were attached to the dresser holder. 
4.2. Signal Spectrum and Input and Output Vectors 
The raw AE and vibration signals were initially analyzed 
in the frequency domain in an attempt to identify frequency 
bands more related with dresser wear.  Frequency spectra 
were obtained for three different stages of dresser wear (new, 
half-life, and worn). The discrete Fourier transform was used 
to obtain the spectra, implemented in Matlab by the fast 
Fourier transform (FFT) algorithm with a set of 8192 samples 
and the Hanning window. Figure 1 shows the spectrum of the 
AE signal, while Figure 2 depicts the spectrum of the 
vibration signal spectrum, where the crosshatched areas 
represent the frequency ranges chosen for this work, and k is a 
scale constant. In these ranges, the signals do not overlap 
significantly and one can see a considerable difference 
between the three stages of wear.  Thus, for this study, the 
frequency ranges of 0 to 13 kHz and 210 to 260 kHz were 
selected for the AE signal, and the 0 to 13 kHz range for the 
vibration signal. 
Fig. 1. Spectrum of the AE signal 
Fifth-order Butterworth bandpass digital filters were 
applied to the raw AE and vibration signals in the previously 
selected frequencies to obtain the RMS and ROP statistics. 
The input vectors consisted of 4,200 samples of the values of 
these statistics for each statistic and frequency band, 
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representing the behavior of the amplitudes of the respective 
signals for all the dressing passes.  Figure 3 illustrates the AE 
RMS vector obtained for the frequency range of 210 to 260 
kHz. 
Fig. 2. Spectrum of the vibration signal 
Fig. 3. AE RMS vector for 210 to 260 kHz 
A clustering process [15] was applied to each numerical 
input, which consisted of determining four subclusters. The 
purpose of this clustering was to divide the data of the input 
vectors into four major groups representing the wear levels of 
the dresser. Each given group contained a cluster center, i.e., a 
point that best represents the group. In the case under 
analysis, the cluster centers were very close to the mean 
values of each group. Therefore, the point that best represents 
a wear group in this work is the actual average value of the 
range of points of a wear level. These wear levels or 
conditions are classified in the fuzzy models as “New,” 
“Semi-New,” “Half-Life” and “Worn.” The data vectors were 
then normalized with values  between 0 and 1, and the center 
of the cluster was assigned the value of 1 for each wear 
condition of the dresser, demonstrating that this amplitude 
value of a given statistic strongly represents the wear levels 
considered. This amplitude value 1 decreases as the values of 
the statistic deviate from that cluster point. Thus, the further 
away from the cluster center the lower the relevance of the 
information and the lower the value assigned in the data 
normalization.  
Figure 4 illustrates the AE RMS statistic (210 to 260 kHz) 
fuzzified by means of the membership functions. The abscissa 
axis corresponds to the amplitude values of the statistic in 
k*Volts and, as can be seen, the greater the amplitude the 
greater the wear level in the fuzzified set. 
Fig. 4. Fuzzified input of the EA RMS signal 
A single output vector was then created according to the 
following dresser wear levels: New, Semi-new, Half-life, and 
Worn. A graph similar to that of the previous figure was thus 
obtained for the output, in which the membership functions 
are Gaussian, the axis of the abscissas represents the 
percentage of wear of the dresser from 0 to 100, and the 
ordinate axis represents the fuzzified values of the wear levels 
normalized from 0 to 1. 
4.3. Fuzzy Models 
Based on the fuzzified inputs and outputs, an inference 
system was established for the two fuzzy models. The first 
model consisted of three inputs: AE RMS of 210 to 260 kHz, 
ROP of 0 to 13 kHz, and vibration RMS of 0 to 13 kHz. The 
second model was based on the first model, but with the 
elimination of one input (AE ROP) to simplify the predictive 
model. 
The extracted rule set for the models was obtained based 
on the data of the input signals (AE and vibration) and on the 
measured area of wear, as well as on the experience of the 
research group involved (specialists), characterized a typical 
fuzzy system. Table 1 shows the rule set for model 1 while 
Table 2 describes the rule set for model 2. 
5. Results and Discussion 
The fuzzy models were implemented in the Fuzzy Logic 
toolbox of MATLAB using the Mamdani method [16].  The 
results in the form of response surfaces and simulation 
examples for the models are presented below. 
5.1. Model 1 
Based on the rules previously obtained for model 1 and 
inserted in Matlab, 3D surfaces were created to allow one to 
visualize the effects of the inputs and outputs of the fuzzy 
model. If the surfaces present disproportions or a gross 
irregularity, this means that the rule base is not completely 
consistent. 
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Table 1. Rule set for Model 1 
AE RMS  
(210-260 kHz) 
AE ROP 
 (0-13 kHz) 
VIB RMS 
 (0-13 kHz) 
Output 
 
AE RMS 
(210-260 kHz) 
AE ROP  
(0-13 kHz) 
VIB RMS 
 (0-13 kHz) 
Output 
 
New New New New Half-life New New Seminew 
New New Seminew New Half-life New Seminew Seminew 
New New Half-life Seminew Half-life New Half-life Half-life 
New New Worn Half-life Half-life New Worn Half-life 
New Seminew New New Half-life Seminew New Seminew 
New Seminew Seminew New Half-life Seminew Seminew Seminew 
New Seminew Half-life Seminew Half-life Seminew Half-life Half-life 
New Seminew Worn Seminew Half-life Seminew Worn Half-life 
New Half-life New Seminew Half-life Half-life New Seminew 
New Half-life Seminew Seminew Half-life Half-life Seminew Half-life 
New Half-life Half-life Half-life Half-life Half-life Half-life Half-life 
New Half-life Worn Half-life Half-life Half-life Worn Half-life 
New Worn New Seminew Half-life Worn New Half-life 
New Worn Seminew Seminew Half-life Worn Seminew Worn 
New Worn Half-life Half-life Half-life Worn Half-life Worn 
New Worn Worn Worn Half-life Worn Worn Worn 
Seminew New New New Worn New New New 
Seminew New Seminew Seminew Worn New Seminew Seminew 
Seminew New Half-life Seminew Worn New Half-life Seminew 
Seminew New Worn Half-life Worn New Worn Half-life 
Seminew Seminew New Seminew Worn Seminew New Seminew 
Seminew Seminew Seminew Seminew Worn Seminew Seminew Half-life 
Seminew Seminew Half-life Seminew Worn Seminew Half-life Worn 
Seminew Seminew Worn Half-life Worn Seminew Worn Worn 
Seminew Half-life New Seminew Worn Half-life New Half-life 
Seminew Half-life Seminew Seminew Worn Half-life Seminew Half-life 
Seminew Half-life Half-life Half-life Worn Half-life Half-life Worn 
Seminew Half-life Worn Half-life Worn Half-life Worn Worn 
Seminew Worn New Seminew Worn Worn New Half-life 
Seminew Worn Seminew Seminew Worn Worn Seminew Worn 
Seminew Worn Half-life Half-life Worn Worn Half-life Worn 
Seminew Worn Worn Worn Worn Worn Worn Worn 
 
Table 2. Rule set for Model 2 
  EA RMS (210-260 kHz) 
V
IB
 R
M
S 
(0
-1
3 
kH
z)
  New Seminew Half-life Worn 
New New Seminew Seminew Half-life 
Seminew New Seminew Seminew Half-life 
Half-life Seminew Seminew Half-life Worn 
Worn Seminew Half-life Half-life Worn 
Figures 5 and 6 show the 3D surfaces generated for 
model 1. These surfaces exhibit characteristics of 
continuity, transition and reasonable symmetry. They 
portray the simulations of the combinations of two inputs 
and the output level. Note that the combined inputs result in 
different influences on the final prediction. According to the 
surface of rules, if the statistical values are high, a 
percentage of wear is estimated on the ordinate axis. Using 
the Matlab toolbox, one can also simulate input values and 
obtain the wear value of the output. For example, 
considering one of the simulations performed, the input 
values were set to high levels of wear, with an AE RMS 
signal amplitude of 0.128 (k*Volts), AE ROP amplitude of 
0.422 (k*Volts), and vibration RMS input of 0.224 
(k*Volts). In this configuration, there was an output 
indicating the percentage of 80.6% of dresser wear. This 
model showed good results; however, the three inputs 
generated a total of 64 rules. The advantage of this model is 
that if any input value indicates an error, such as a reading 
error, this will not substantially affect the model’s 
predictive ability. 
Model 2 was designed to simplify the first model, and 
therefore only two inputs were used: vibration (0-13 kHz) 
and AE RMS (210-260 kHz). Figure 7 depicts the 3D 
surface of this model, showing smooth transitions at 
different levels of wear, in addition to a good surface 
symmetry. 
(a) 
(b) 
Fig. 5. The Predicted Wear of Model 1 
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Fig. 6. The Predicted Wear of Model 1 
However, note that, as the amplitude of AE increases, 
the wear increases up to about the middle of the range of 
values, becoming fairly stable from this point on. As for the 
vibration signal, the amplitude increases up to 
approximately ¼ of the range of values, whereupon it 
stabilizes. Thus, it is clear that, in Model 2, the AE signal 
exerts a greater influence in predicting wear than does the 
vibration signal. Nevertheless, if any of the inputs fails, the 
prediction of wear will be inaccurate. 
The same simulation as that performed for Model 1 was 
done for Model 2, using the same values, i.e., with an 
amplitude of the AE RMS signal of 0.128 (k*Volts), and a 
vibration RMS input of 0.224 (k*Volts). The result of the 
wear prediction output was the same as that of Model 1 and 
equal to 80.6%, demonstrating the effectiveness of this 
model despite having one less input variable. Thus, the 
reduction from 48 to 16 rules of Model 1 did not result in 
loss of the wear prediction capacity. 
 
Fig. 7. The Predicted Wear of Model 2 
6. Conclusions 
This research presented a method to evaluate the wear of 
single-point dressers based on a frequency study of raw 
acoustic emission and vibration signals, applying digital 
filters to obtain the RMS and ROP statistics for selected 
frequencies, and fuzzy models for predicting the wear. The 
root mean square (RMS) value and the ratio of power 
(ROP) of the signals were determined for each of the 
selected frequency ranges, using digital bandpass filters. 
Two fuzzy models were developed and implemented in 
Matlab, the first model with three inputs: AE (0 to 13 kHz), 
AE (210 to 260 kHz) and vibration (0 to 13 kHz), and the 
second model with only two inputs: AE (210 to 260 kHz) 
and vibration (0 to 13 kHz). The two models yielded good 
results for predicting dresser wear. With three inputs, 
Model 1 proved to be more robust against possible errors in 
some of the inputs, albeit more complex, with 64 rules. 
Model 2, with only two inputs, 16 rules, a simplified 
version of Model 1, proved to be effective and easier to 
implement. The models may be attractive for technicians 
and engineers responsible for the operation of grinding 
machines, who are interested in obtaining fast responses for 
intelligent control or optimization. The results of this 
research are limited to the CVD single-point dresser and 
aluminum oxide grinding wheel employed here, but can be 
easily extended to other types of dressing tools and grinding 
wheels. 
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